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ABSTRACT

In mine design and mine planning activities it ametimes assumed that the block model
provided by geologists or ore reserve estimatove m® associated errors or uncertainties. This
is usually the case simply because mine plannersatichave a practical and useful way of
quantifying this uncertainty on a block by blocksiza The possible variations in ore resources
and reserves are typically handled by applying ry samplistic sensitivity analysis to the, for
example, pit optimization process. This can beedby adding or subtracting an arbitrary
amount of contained metal to the block model tlepresents the ore resources, and observing
the difference in resulting minable reserves andenplans, and cash flows derived from them.

This sensitivity analysis has several shortcominfise manipulation of contained metal is done
on a global basis, without regard for the geologg the local variations in grade. In addition,
the arbitrary amount of metal added or subtracteebdhot provide a realistic uncertainty model
that would take into account estimation errors,hsas those caused by imperfect sampling,
imperfect geologic modeling, imperfect grade maugliand intrinsic mineralization variability.
Therefore, the sensitivity analysis generally dbae no geologic support, and therefore there is
no rational basis to believe in it.

Geostatistical conditional simulations have beeoppsed in the past as models that fully

describe the uncertainties involved in predictimg pesources. These models have theoretical
and practical characteristics that allow them tovjate the best alternative yet for risk analysis in

mine planning. This paper will discuss some obéhtheoretical advantages, and will illustrate

the practical aspects of using conditional simafaito support mine design and planning and
management’s decision-making. As illustration,asec study developed for a large operating
porphyry copper mine will be presented here. la tlase the conditional simulations were used
to assess the risks in achieving mine extractioggeta for a significant expansion plan proposed
to almost double current copper production.

INTRODUCTION

The risks associated with the ore reserves usquaio a mine usually are either ignored or
mishandled. Most mines operating in the miningustdy could benefit from a more honest
recognition of the existence of reserve-relatekisrend the use of models that quantify that risk.
Reserve reporting, pit or mine designs, projece&ghdlows, project financing, operating plans,
and ultimately shareholder value depend on an ateuassessment of the basic asset, the
resource estimate itself.



Figure 1 (reproduced from Baker and Giacomo, 1988)ws a group of well-known new mines

and projects in Australasia. The impact of ecomolmsses through either under- or over-stating
the reserve grade (lost investment capital or dppdy costs) is staggering, note the x-axis
scale. The advantage of quantifying upside andndale potential for all these projects is quite
obvious.

Geostatistical conditional simulations are becomnageasingly popular in recent years, mainly
due to availability of virtually-free software ardheap hardware. In addition, accumulated
experience in performing industrial-scale simulasias now significant, and there is a better
understanding of the usefulness of conditional fatmans, as well as the potential pitfalls. Some
of the more important aspects of conditional simaolkes, theory and practice, have been
described elsewhere, see for example Goovaert [ 1B®ssi and Van Brunt (1997), and Rossi
(1998). Multiple simulations (models of the deppsire required to characterize uncertainty.
This is because each simulation is interpreted pasaible, equi-probable image of the deposit,
meaning it has the same likelihood of being reaisyany other simulation. Multiple images
(obtained using a Monte-Carlo approach) can thgsriee the expected range of variability for
any particular block. The resulting range of vaitigh and thus the set of conditional

simulations, is termed a “model of uncertainty'’hcg it quantifies the possible minimum and
maximum values for any and all blocks in the modelthis author’s experience between 10 and



20 conditional simulations are sufficient to delseradequately this range of variability. This is,
of course, a function of the variability of the deadistribution being analyzed (gold deposits
exhibit more variability than porphyry copper, fexample), and the amount of drill hole data
available (conditioning). In any case, the simaola will provide a model of uncertainty that
can be used to quantify risk.

It is important to note that the risk that mine mgers are usually interested in is the risk
associated with production predictions. Theseaatensequence of a mine plan, whose level of
detail depends on which stage the project or opgratine is at. The cumulative processes that
occur between producing a model of reserves aralress and a detailed mine plan, schedule,
and predicted cash flow will be termed here a “$fanFunction” (Matheron, 1975, Rossi and

Alvarado,1998).

The paper will describe the methodology used tantfyarisk for an operating mine, where the
central issue was to incorporate risk analysis tinéofeasibility study for a significant production
expansion. Thus the transfer function includespi@ptimization and detailed mine planning
and scheduling activities.

DESCRIPTION OF THE CASE STUDY

The subject of this case study is a major porpleggper mine in northern Chile, which entered
production only recently. An increase of the resesrwhich were the base for the original mine
design was soon believed to be sufficient for sujopg a production rate increase, and an
overall production expansion by about 60%. The emproduces copper using SX-EW
technology from an overall oxide mineralizationene® base of just under 900 million tons of
0.54% Cu. In addition, there are also significamtcondary enriched and primary Cu
mineralization not considered in this study.

Given the significant amount of capital investmeaguired to achieve this expanded production,
management decided that an evaluation of risk errégerves and its impact on the extraction
schedule and overall mine plan was necessary. efdrer a conditional simulation study was
commissioned, with the main objective being quaintg the upside and downside potential of
the existing mine plan for the expanded production.

Uncertainty (risk) stems from several sourcesntiost important being:

1. The quality of original, conditioning informatipthis refers specifically to the quality of
drilling, sampling, and assaying.
2. The quality of the geologic model, and to whateek the interpreted geologic controls

are relevant and have been correctly interpreféds is key to a reasonable prediction of
tonnage above cutoff, since in many cases the geoloodel is used to constrain the
grade interpolation, as is the case at this coppee.

3. The process of grade interpolation itself, whigtjuires a correct amount of smoothing in
order to predict the grade and tons of materiail@vie at the time of mining. The main



concern is the volume-variance effect, i.e., adelygredicting recoverable reserves.

The study concentrated on characterizing the thiejor component described above (grade
interpolation and recoverable reserves); naturahg quality of the final grade estimate is
impacted by the quality of the initial drill holeaformation, and so indirectly, it included
characterization of the first item mentioned. Hwoer it is possible to develop more explicit
studies to decompose and analyze separately thectroppoor quality drill hole data. This was
not done in this case study.

Similarly, it is possible to analyze the contrilmutito risk stemming from the interpretation and
interpolation of the geologic controls on mineratian (geologic models). In this case, the
interpreted geologic model, used to constraintgitaele interpolation for the reserve model, was
used to constrain also the simulated models. Towrethe conditional simulations described
here do not take into account the uncertaintyedl&d geologic interpretation and modeling.

The Original Block Model and Mine Plan.

The block model was built using 25x25x15m blocks] applying the hard oxide and leached
material boundaries interpreted by the mine gestegprocessed into three-dimensional solids.
The interpolation method was ordinary kriging, arsed all the 15m drill hole bench composites
available, in addition to the required correlogramdels. In addition, other geologic units

estimated in the model include Mixed, Secondaryidhed, and Primary material. The mine is

for now only mining the oxide Cu portion of the dsfi.

The block model was used to plan production atcaelarated rate, per the expansion program.
The mine plan was based on unit production perafdsne month for production year 1998,
semi-annually for 1999, and yearly for productioeags 2000 through 2002 inclusive.
Management decided to initially study the firstefiyears of expanded production, though the
simulations described here covered material torbdyced up to year 2005.

The mine plan was developed by the local mine eggs) and resulted in mining limits for the
periods described in the paragraph above. These saining limits were used to “cut” the
simulations produced, thereby obtaining a per pecmmparison between the predicted tons and
grade above cutoff of the block model with respecieach of the simulations produced, as
described below.

The process described amounts to quantify the(upkide or downside) ahinable reserves,
meaning the “received at mill”, or delivered gradesd tons. These are the quantities that
determine actual cash flows. Thus, ffransfer Function includes in this case all the steps
performed to obtain a detailed mine plan, includatgoptimization (based on the original block
model) and a schedule based on appropriate produgtits.



The Conditional Simulations

The conditional simulations used in this study wdexeloped using the Sequential Gaussian
method (Isaaks, 1990). The grid chosen to devilepsimulations was 5x5x15m, and there
were 11 simulations generated in all. Accordinghi technique involved, first the Cu variable

is transformed into a Gaussian variable (Normalr&dransformation); the variogram of the

transformed variable is modeled, as well as theetmgram of the original Cu variable. The

simulation is performed on the transformed Gausegarable, and then the output simulation is

transformed back to the original space (%Cu). Bdwhecks are performed to verify that the 11
output simulations reproduce correctly the origi(@il) histogram and correlogram. Although

never perfect, for this particular deposit reprdouc of the histogram and correlogram was

achieved with relative ease.

In addition, separate grids were developed for blecks classified as oxide and leached

material, according to the solids representinggé@ogic model. A total of just under 7,400,000

nodes were simulated. The smaller grid is themamesl to the same block sizes as the block
model used to develop the mine plan. Thus thexre&rsimulated nodes within the 25x25x15m

block. This averaging in fact models directly th@ume-variance effect of the deposit, thus

obtaining the predicterkcoverable reserves.

RESULTS
Two main results were derived from the 11 simulzio

An F, grade factor was defined as:

A second F1 factor was defined by changing the matoein the equation above, and
using the grade used in the mine plan (referredstoProg 1998"). This is in fact a
factored grade, used by the mining engineer in ldpirgg the mine plan; it is based on
the block model grade, to which the mine planngaliap a heuristic conservative factor
on a production unit basis. In both cases, a vgtaater than one implies that, according
to the average of the 11 simulations, there isvandale risk (in percent as given by) o
the predicted grade of the block model or the pdaingrade. Fis calculated not only for
the overall grade predicted by the model or theenpilan to be achieved for the five year
period, but also for each production unit indivitga(monthly, semi-annually, or
annually, depending on the year).

Confidence limits for each production unit, andresponding averages. Management
decided to accept discarding the lowest and higaesilable simulation, and therefore
the 9 remaining simulated values per block represg@imost 82% confidence
(9/11=0.818) that the true value is within the tsmobtained. This of course assumes that
the minimum and maximum simulated values obtairggmtasent the absolute minimum
and maximum that could be found for the model degved. As seen from the results
presented, this is a reasonable assumption foddpssit.



Figure 2 shows the;Fgrade factors for monthly production as plannedlf98. Note how the
factors vary significantly from month to month. éflMod 97 k factor for the month of March is
1.124, that is, there is a 12% potential downsidgrade when comparing the average of the
simulation to the block model grade. Interestinglyough, the mine planner had cut that
month’s grade from the block model from 0.75 to8946Cu; the conditional simulations in this
case validate the heuristic planned grade.

Figure 3 shows the same factors results on a semiah basis, for 1998 (averaged from the
monthly production units) and 1999. The impactaskraging is quite evident, as is the
increasing risk for under-performance of both tHecB Model grade and the corresponding
Planned Grade. Figure 4 shows again th@ride factors for a yearly production unit, from
1998 through 2002. The factors suggest that thekbhodel overestimates grade for most of the
years considered. Observe how the heuristic (pldngrade will perform significantly better in
general, although for the latter years it still eatimates the predicted grade according to the
conditional simulations.

Figures 5 through 7 show the same three productniis (monthly for 1998, semi-annually for
1998 and 1999, and yearly for 1998 through 2008¥% time graphing the upper and lower
intervals obtained from the simulations, and thecklmodel and planned grade averages. Recall
that these intervals shown correspond to the rahg®essible values obtained by discarding the
minimum and the maximum simulated value for eadtll






Note in Figure 5 several interesting points. Faaregle, the programmed grade for March 98
falls almost in the middle of the simulation comdite interval, while the block model grade falls
outside the same interval. For the months of Magl ®ecember, both estimates are too
conservative, according to the simulations, whilethe month of October the simulation model

suggests that the planned grade will not be acHievim general, confidence limits are not

symmetric with respect to the estimated values,thade estimates may not even fall within the
interval! This illustrates why it is preferable ébtain a model of uncertainty by dissociating the
tasks of estimation and of modeling uncertaintyertin the case of a seemingly Gaussian-
behaved variable (such as Cu grades in a porphypper deposit), uncertainty models that
result from conditional simulations and Transfen€&tions are obviously non-Gaussian.

CONCLUSIONS

Conditional simulations are quickly becoming staddaols for analyzing uncertainty within the
mining industry. Industrial-scale simulations arew fairly common, and recommended as
standard tools for studying resource and resertmma&ison related problems. In particular, they
have demonstrated their usefulness when a modeincértainty is required after applying
transfer functions.



The case study has shown an example of processthqeorporating a more sophisticated risk
analysis into a feasibility study through condiabrsimulations. In this particular case, the
Operations Management team at the mine was inéetaat understanding the levels of risk
involved in a given mine plan, which was used tedit cash flows from a proposed expansion.

The main conclusions from this work are:



The benefits of detailed, geology-based risk amalys the reserves and mine plan justify
the additional effort of developing conditional silations.

Conditional simulations allow for unmatched flexilyi in analyzing related problems,

such as drill hole density, justification of inHdrilling in areas of greater risk from the
production standpoint, reserve classification, blonodel and recoverable reserves
validation, etc.

Conditional Simulations result in a rational degtian of uncertainty, providing geologic
justification basis for the use of recovery andection factors in mine planning.

The planned expansion was approved based on th&deoce limits described.
Additionally, Management decided to plan detailetufe in-fill drilling campaigns with
the objective of reducing the risk for certain protion units.
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